
1. Introduction   
 There are many markets in which a seller simultaneously diagnoses a 
customer’s needs and recommends a product or service to meet them.  Customers 
have limited information on which to judge the merits of the recommendation and 
may, as a result, agree to excessively costly or unnecessary services.  Plumbers, 
auto mechanics, and lawyers are just a few of the sellers who have the potential to 
exploit information asymmetries.  This poses a theoretical conundrum:  what 
prevents sellers from always exaggerating the value of their products?  A simple 
but compelling answer is that consumers may choose not to purchase a product if 
the seller routinely exaggerates its value.1  A corollary of this is that consumers 
may choose not to patronize sellers who exaggerate.  For example, Dranove 
(1988) suggests that patients may avoid physicians who have a reputation for 
doing too many high cost procedures.   

In this paper, we examine whether consumers do, in fact, spurn 
overzealous sellers.  We focus on the market for obstetric services where 
physicians performing the delivery may choose from one of two possible options: 
vaginal birth versus a more highly reimbursed alternative, cesarean section.2  Our 
aim is to test whether physicians who prescribe a disproportionate number of 
cesarean sections (compared to what might be expected based on patient 
characteristics) experience a decline in patient share.   

Following Phelps (2003), who equates a physician’s predilection to 
perform a high cost procedure to that physician’s “practice style,” we measure the 
practice styles of physicians in several counties in Florida.  We then estimate a 
model of consumer choice of physician, where one of the factors weighing on the 
patient’s choice is practice style.  In most of the counties that we study, including 
the largest, we find that maternity patients are significantly less willing to visit 
physicians with aggressive practice styles (i.e. physicians who overprescribe 
cesarean sections), ceteris paribus.     

We consider two alternative explanations for our findings.  First, 
physicians who adopt an aggressive style may enjoy higher incomes and, through 
the resulting income effect, choose to see fewer patients by restricting their 
practices.  We find that physicians who adopt aggressive styles do work less hard, 
but also have lower incomes.  If anything, they would have lower marginal time 
costs and would seek to treat more patients.  Second, physicians who face low 

                                                 
1 This is a standard result in the vast literature on “credence goods” and “experience goods.”  For 
credence goods, consumers may be unable to accurately gauge the value of the good even after 
purchase.  For experience goods, consumers do learn the value after purchase.  See Laffont and 
Martimort (2001) for a review of the broad literature.  It does not matter for our analysis whether 
health care is defined as an experience good or credence good. 
2 We will use the term physicians to refer to all those who perform deliveries, while recognizing 
that most deliveries are performed by board certified obstetricians. 

1



demand may adopt an aggressive practice style.  This is known in the health 
economics literature as “demand inducement.”  We address this concern by using 
instrumental variables (IV). We instrument for physician practice styles with the 
practice styles of the residency programs where each physician trained.  Our 
identifying assumption is that the practice styles of residency programs are 
correlated with the subsequent practice styles of physicians who train at these 
programs, but are otherwise uncorrelated with factors that affect either demand 
for that physician’s services or the marginal cost of physician time.  We present 
evidence to support both assumptions.  While our IV results affirm our main 
conclusion that patients spurn aggressive physicians, the relative weakness of the 
instrument limits the strength of this conclusion. 

The remainder of this paper is structured as follows: Section 2 provides a 
brief review of related research and outlines the setting used in this paper. Section 
3 presents the data, and Section 4 discusses our empirical approach. Section 5 
presents a discussion of results obtained from estimating choice models at the 
patient-level and also describes our instrumental variables approach. Section 6 
discusses some extensions to our basic regression model and presents results from 
various robustness checks.  Section 7 estimates the financial implications of 
having an aggressive practice style and Section 8 concludes. 

 
2. Background  
 The health economics literature uses the term “demand inducement” to 
capture the idea, inherent in theories of credence goods markets (Darby and 
Karni, 1973), that physician experts can exploit information asymmetries by 
exaggerating the value of costly medical care.  Roemer (1961), Fuchs (1978) and 
many subsequent studies suggest that physicians do induce demand, for example, 
by recommending highly remunerative surgical services.  We will focus on 
demand inducement in obstetrics services, an area previously explored by Gruber 
and Owings (1996).  They report that physician charges for cesareans in 1989 
were a third again higher than the charges for vaginal deliveries.  Moreover, 
physicians may prefer the convenience of scheduled cesareans, which also tend to 
take less time to perform.3  This makes cesareans a good candidate for 
inducement.  Consistent with notions of inducement, Gruber and Owings find that 
physicians in states experiencing relative increases in the supply of obstetricians 
responded to the increases by performing relatively more cesareans.  

There is similar evidence of “inducement” for credence goods outside of 
medicine.  For example, Harrington and Krynski (2002) find evidence that funeral 
home directors induce consumers to choose burial over cremation and Bartels, 
                                                 
3 According to Keeler and Brodie (1993), the workload for vaginal delivery is higher than that of 
cesarean delivery when workload is measured as the product of intensity and time required to 
perform the procedure. 
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Fiebig, and van Soest (2006) find that plumbers tend to “overprescribe” repairs 
for homeowners.  Recent work on credence goods has focused on the extent to 
which reputation concerns affect seller behavior. List (2006) conducts a field 
experiment with dealers and buyers of sports cards and finds that reputation 
concerns are most effective in constraining sellers’ actions when quality can be 
monitored, suggesting that reputation and the monitoring of quality are 
complements. Schneider (2008) finds that auto mechanics charge lower upfront 
diagnosis fees when reputation effects are important but do not make substantially 
different repair recommendations, indicating that the inability of customers to 
evaluate quality of repair services prevents them from using incentives such as 
repeat business in order to discipline mechanics.  

The setting we examine is also characterized by important reputation 
effects. A physician’s reputation for overtreatment might impact repeat business 
and also affect business from other patients owing to strong word-of-mouth 
effects. Hubbard (2002) presents evidence that that this occurs in the market for 
vehicle emissions testing, where car owners steer their business towards 
emissions testers who tend to be more generous in giving out passing grades.  If 
car owners seek out testers with favorable reputations, it is reasonable to suppose 
that maternity patients might do so as well.  Not only are the stakes considerably 
higher, preferences for practice styles may be very strong.  In particular, McCourt 
et al. (2007) perform an extensive review of the literature on women’s preferences 
for mode of delivery and find that women overwhelmingly prefer spontaneous 
vaginal birth.  Indeed, a national study that directly surveyed mothers about their 
birth experience reported that far less than 1 percent of mothers who had a first 
cesarean had requested it.4  

It is also reasonable to suppose that maternity patients are capable of 
performing a successful search since women with strong birthing preferences 
have ample time to gather information about physician practice style. Many states 
provide detailed information on cesarean section rates by facility and county, all 
of which is available online. For example, the Florida Department of Health 
reports primary and repeat cesarean section rates by hospital and compares each 
region and facility to the average, on its website www.floridahealthfinder.gov. 
Apart from seeking out information on their own, maternity patients are also 
likely to know many other women who have given birth and may inquire about 
their mode of delivery and about their experiences with a particular physician.  
Maternity patients may even ask physicians about their preferences for delivery 
mode.5  Epstein and Nicholson (2006) provide evidence that obstetrics patients 
                                                 
4 See the article “Mothers aren’t behind a vogue for Cesareans”, in the Boston Globe dated April 
3, 2006 for more details 
5 See, for example, Ketteringham, K. 2008, “How to Choose the Ob/Gyn or Obstetrician that is 
Right for You and Your Pregnancy” at 
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have preferences over practice styles and select their physicians accordingly. 
Finally, insurance carriers are well informed about provider practice styles and 
may have a strong financial incentive to steer patients away from aggressive 
physicians.  

Thus, we posit the following tension in the market for delivery services:  
Physicians stand to increase their earnings by performing more cesarean 
deliveries.  In doing so, however, they may drive away some maternity patients 
who prefer physicians with more conservative practice styles. Our aim is to test 
whether the latter occurs and therefore serves as a natural limit on inducement. 

Given the setting of the study, the literature on medical practice variations 
also bears on our work.  Wennberg (1972) was perhaps the first to document the 
fact that treatments received by patients depended heavily on where they lived 
and who provided their care, and not solely on their objective medical condition.  
Since this seminal work, there has been a long literature documenting the extent 
of these practice variations.6   

There is considerable debate as to the sources of practice variations.  
Phelps and Mooney (1993) and Phelps (2003) postulate that physicians form 
beliefs about appropriate care during their medical and residency training, but 
learn from colleagues through Bayesian updating, and as a result, there is 
convergence around community norms.7  Wennberg et al (2004) offer supporting 
evidence of variability in resource use across medical schools.  Practice variations 
within local markets may also be a response to heterogeneity in patient 
preferences.  Thus, we might expect physicians to knowingly differentiate their 
styles as a way of establishing a profitable “competitive position” in the market.  

We tie together the literatures on practice variations and inducement as 
follows.  We suppose that physicians have different practice styles and say that 
the physicians with the most “aggressive” styles are those who most exaggerate 
the value of costly treatments.  This raises the following question: What prevents 
physicians from choosing the most aggressive practice styles?   In the credence 
good literature, the willingness of sellers to exaggerate value is limited by the 
credulity of their customers.   We are unable to determine empirically whether 
maternity patients question the recommendations of aggressive physicians, but we 
can test for a complementary effect. 

8   Specifically, we assess whether physicians 
                                                                                                                                     
http://www.associatedcontent.com/article/722433/how_to_choose_the_obgyn_or_obstetrician.htm
l?cat=5 (searched 1/7/2009). 
6 See Phelps (2003) for a discussion of this literature.   
7 Burke, Fournier and Prasad (2004) construct a formal model in which physician choices are 
shaped by a desire to conform to peers or spillovers of knowledge, but do not explain where peers 
form their own practice preferences.   
8 Other factors may limit the willingness of physicians to induce demand.  McGuire and Pauly 
(1991) cite ethical constraints, namely that physicians factor patient utility into their own utility 
function, and suffer a utility loss from inducement.  Physicians might also be constrained by 
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who adopt aggressive practice styles face lower overall demand for delivery 
services.  

Our effort to identify demand responses to inducement by individual 
physicians faces a similar empirical challenge as that faced by researchers 
attempting to document demand responses to market-level inducement.  In the 
latter, increases in aggregate physician supply are presumed to generate 
inducement activity, and researchers must find instruments that shift market-level 
supply but are unrelated to market level demand.  In this paper, we require 
instruments that shift individual practice styles but are unrelated to individual 
demand.  

In sum, this paper makes a contribution to the relatively scarce empirical 
literature on credence goods by estimating the extent to which an expert’s 
exploiting information asymmetries might influence demand for that expert’s 
services. This paper also adds to the demand inducement literature in health 
economics by establishing a mechanism that may force physicians to limit the 
extent of inducement. 
   
3.  Data  
 We use patient level hospital data for the years 1994-2003 from Florida’s 
Agency for Health Care Administration (AHCA).  AHCA data are similar to other 
state inpatient data that have been widely used in health services research.  The 
dataset contains moderately detailed information about every hospitalization, 
including the patient’s Diagnosis Related Group (DRG), some secondary 
diagnoses, demographic information about the patient (age, sex, etc.), the type of 
insurance the patient has access to (e.g., HMO), and the patient’s residence zip 
code.  AHCA data also include the license number of the “operating physician”; 
in the case of childbirth, this is the physician who performs the delivery.   

We match the physician license numbers to an online licensing database 
that gives us background information about each licensed physician in Florida, 
including the medical school they went to and place of residency training, 
information that we use to construct our instruments.  We obtain rankings of 
medical schools from US News and World Reports’ “America’s Best Graduate 
Schools 2006” survey.  We also use data from residentphysician.com to determine 
ranking of residency programs based on the total amount of grants and awards 
received.   Programs that do not appear in the rankings are assigned a rank of 

                                                                                                                                     
malpractice concerns, though some authors have suggested that cesareans pose less of a 
malpractice risk than vaginal delivery.     
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zero. We also include in our list of predictors an indicator set to one for unranked 
programs and zero for ranked programs.9   

 
4. Empirical Approach 

Our ultimate goal is to assess how individual physician practice styles 
affect patient choice of physician.  This suggests a three-step procedure: 

1. Develop a measure of each patient’s propensity to deliver by 
cesarean section given her demographic and clinical characteristics 

2. Measure physician practice styles by examining the delivery mode 
while controlling for patient propensity to deliver by cesarean 
section 

3. Incorporate the measure of practice style in a model of patient 
choice 

We implement this procedure as follows.  Our ultimate goal is to estimate 
a patient choice model for the year 2000.  (As described later, our results are 
robust to choice of year.)  We begin by using the full dataset (from 1994-2003) to 
estimate a linear probability model that predicts whether a patient delivers by 
cesarean section.   Second, we use the results to estimate each physician’s practice 
style in 1999, the year prior to the patient choice model.  We compute style by 
predicting each patient’s propensity to deliver by a cesarean section and by 
computing the difference between the actual and predicted cesarean rate for each 
physician.  Third, we estimate conditional logit models of patient choice of 
physician in 2000, where each patient chooses from among the set of available 
physicians in her geographic market. A key predictor in the choice model is the 
physician’s practice style computed from the 1999 data and instrumented with 
information about the physicians’ training.  We now provide more details on our 
methods. 

 
4.1 Measuring Patient Propensity for Cesareans 
 We start with data from the entire state of Florida for the years 1994-2003.  
The dependent variable is a 0/1 indicator for whether or not the patient received a 
cesarean section.  Following the prior literature on patient propensity for 
interventions such as cesarean sections, we consider a large set of predictors, 
including patient demographic characteristics (age, race, insurance status, and the 
average income of the patient’s residence zip code), clinical characteristics (a 
vector of secondary diagnoses such as multiple gestation, hypertension etc.), and a 

                                                 
9 Some doctors in our data received their training several decades ago.  We do not have access to 
older rankings.  We did observe that most of the top ranked medical schools have longstanding 
reputations for quality; thus, we do not believe that the rankings that we use are very far removed 
from the rankings that might have been constructed in the past.   
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vector of physician fixed effects.10 We exclude the endogenous variable “prior 
cesarean” from the predictors.  We then use the predictors to estimate a linear 
probability model of the patient’s likelihood of receiving a c-section. 

We will use the coefficients of the linear probability model to estimate 
each physician’s predicted c-section rate, based on their patient mix.  We assume 
that patients will compare this predicted rate against the actual rate to estimate 
each physician’s “style.” 11   
 
 
4.2 Measuring Physician Practice Styles 

We use the regression results from the preceding analysis to predict each 
patient’s propensity for a cesarean for the year 1999.  We sum this prediction 
across all patients seen by physician i in market m and compute PSectionim, the 
number of cesarean sections each physician i would have been predicted to 
perform in market m had that physician abided by patient characteristics. We also 
compute Sectionim, the actual number of cesarean sections performed by physician 
i in market m in 1999 and compute Styleim = (Sectionim - PSectionim)/Birthsim, 
where Birthsim refers to the total number of deliveries overseen by physician i in 
market m.   

Table 1 reports summary statistics for Styleim (for 1999) for the entire state 
and for the five markets that we study in the second stage of the analysis.  There is 
considerable variation in practice style with slightly less variation within specific 
markets, consistent with the notion that some portion of physician practice style is 
location-specific.   An important implication is that when patients are selecting 
their physician, they have a wide choice of practice styles to choose from.  

Our key predictor variable in the third stage, Excessim, represents the 
extent to which physician i overperforms cesarean sections in market m:12

F  
                                                 
10 Patients may be privy to a much smaller set of information about the physician’s other patients, 
limited only to demographic variables and perhaps readily observed clinical characteristics such as 
whether the physician handles many multiple gestations.  Physicians may also vary in the extent to 
which they report clinical characteristics.  Limiting the analysis to this narrow set of predictors 
minimizes any potential for bias that might result.  We re-estimated our model while controlling 
for only this “limited” set of predictors.  Our results are slightly stronger. 
11 To alleviate concerns about the possibility of correlation between unobserved patient 
characteristics and physician aggression, we also estimated this step using a sample composed 
only of “weekend” patients who are randomly assigned to physicians. (As noted by 
Epstein/Ketcham/Nicholson (2008) weekend patients tend to be randomly assigned to the 
physician on call, thereby minimizing the aforementioned correlation.)  The results for the models 
presented in Tables 3 and 4 using this “weekend only” sample were similar to the ones discussed 
in the text. The second stage models estimated on this sample however yielded imprecise results. 
12 Some patients may have unobservable characteristics that lead them to have a preference for 
cesareans. This suggests that the variable Excessim may overstate the “true” extent to which 
physician i overperforms cesarean sections. We do not think this is a problem for our study for 
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Excessim = max(0,(Sectionim - PSectionim)/Birthim) 
 

In addition to avoiding physicians with high values of Excessim, patients may also 
avoid physicians who underprovide cesareans. To account for this, we include a 
variable Underprovisionim that is defined as follows: 
 

Underprovisionim =  abs((Sectionim - PSectionim)/Birthim,),if Styleim < 0 
            = 0, if Styleim > 0  
 
Note that by including both Excessim and Underprovisionim in the choice models 
that follow, we allow for asymmetric patient responses to physicians who 
overprovide and underprovide cesareans.  To compute the effect of an aggressive 
style, we examine the coefficient on Excessim. We can also compute the effect of a 
“passive” style (underperforming cesareans) by simply examining the coefficient 
on Underprovisionim in regressions that control for Excessim. 

Some physicians perform only a handful of deliveries in a given year and 
patients may not be able to form good estimates of their styles.  Hence, we limit 
our analysis to “high volume” physicians defined as those who performed at least 
50 deliveries in 2000.  These physicians account for over 90 percent of the 
deliveries in the markets that we study.  The remaining physicians represent the 
“outside good” in the conditional logit models that we describe below.  In all our 
patient choice models described below, we compute standard errors using 
bootstrapping in order to account for the fact that our measures of style are 
estimated from a regression. 

 
 

4.3 Estimating Patient Choice of Physician 
 We estimate separate patient choice models for each of several markets in 
Florida, taking care to choose our “markets” so as to facilitate the choice analysis.  
In particular, we treat each county as a candidate market.  Given the criteria that 
follow, the decision to use the county as the basis for market definition is 
innocuous.  We exclude metropolitan areas that are larger than counties (e.g., 
Miami/Dade) on the grounds of tractability. 

We limit our attention to counties with the following characteristics: 
 

                                                                                                                                     
two reasons.  First, we believe that when patients assess physician practice styles, they are not 
privy to other patients’ unobservable characteristics and therefore will form estimates of style that 
are similar to those that we compute.  Thus, it is appropriate to use our measures of Excessim in the 
patient choice equation.   Second, the coefficient on Excessim will be a lower bound on the “true” 
effect provided that the “true” style is an attenuation of Excessim of the form γ · Excessim, where 
0<γ<1. 
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1. The county has a central city with a population of at least 50,000 
2. There are at least 20 and no more than 200 high volume physicians in a 

given year 
3. At least 75 percent of the women residing in these counties delivered their 

children at hospitals in the county, thereby limiting the impact of the 
outside option. 

4. There are at least two hospitals in the county, facilitating specifications 
with hospital fixed effects. 

 
Based on these criteria, we identified the following five counties (and central 
cities): Brevard (Melbourne), Escambia (Pensacola), Lee (Fort Myers), Leon 
(Tallahassee), and Orange (Orlando).  Orange County (home to Orlando) is by far 
the largest, with as many physicians as the other four combined.  Thus, we restrict 
most of our attention to the analysis of Orange County, while briefly summarizing 
results from the other four counties.      

In Table 2, we present summary statistics for key variables for patients 
living in each of our markets in 2000, the year of our patient choice model. In the 
last two columns of Table 2, we also present summary statistics for the entire state 
for comparison. Focusing on Orange County, we observe around 14,700 births in 
our sample, with a little over a fourth being delivered by cesarean section. The 
mean age of the patient (mother) is 27. The majority of patients are white and 
insured by an HMO or through Medicaid. Almost 12 percent of patients had a 
prior cesarean section and a little more than 1 percent of mothers gave birth to 
multiple babies. Mean values for patient characteristics in each of our markets are 
similar to values for the entire state indicating that our chosen markets are largely 
representative. 

We estimate a conditional logit model of patient choice of physician in 
each market.  Since weekend deliveries are attended by a physician who may not 
have been chosen by the patient, we restrict attention to deliveries that occurred 
on weekdays. Our key predictors are the measures of physician practice style, 
Excessim, and Underprovisionim.  In order to allow for different effects of 
physician practice style on different patient segments, we include interaction 
terms between patient characteristics (such as whether the patient resides in a high 
income zip code, and whether the patient is insured by an HMO) and each of 
Excessim, and Underprovisionim.13  Our control variables include travel times from 
each patient’s resident zip code to each physician’s “primary” hospital (defined as 
the hospital at which the physician performed the most deliveries), interaction 
terms between patient characteristics and travel time, and a vector of hospital 

                                                 
13 We include income as a categorical variable: the “High” category consists of observations above 
the 75th percentile. 
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fixed effects in order to control for the average quality of the hospital the patient 
is treated at.  

We control for the average overall quality of each physician by including a 
vector of physician characteristics, specifically the ranking of the residency 
program the physician trained at, the year the physician graduated from medical 
school and the gender of the physician.14  While these variables control for 
physician-related factors that could affect patient choice, they do not completely 
capture physician quality.  To the extent that Excessim, and Underprovisionim are 
correlated with unobserved aspects of quality, the coefficients on these variables 
will be biased.  However, we found no consistent pattern of correlation between 
Excessim, and Underprovisionim and observable indicators of quality (e.g., 
residency rankings), suggesting that there may be minimal correlation with 
unobservable quality.   

Since we cannot rule out the possibility that a physician’s choice of 
practice style is correlated with unobservable factors affecting the demand for that 
physician or the physician’s marginal cost of time, we augment our analysis with 
an instrumental variables approach, where we make use of information on each 
physician’s training in order to construct the instrument. We present more details 
on our instrumentation strategy in Section 5.3. 

 
5. Results 
5.1 Estimating Patient Propensity to Deliver by Cesarean Section 

We estimate linear probability models mainly because of the ease in 
interpreting coefficients. Also, nonlinear models such as fixed-effect logit models 
may not be consistent if the dependent variable has a large number of zeros (King 
and Zeng, 2001). Table 3 presents the results.  The dependent variable is whether 
the patient underwent a cesarean section. Apart from the various patient 
characteristics discussed earlier, the specification also includes a vector of year 
dummies in order to control for aggregate trends and a vector of physician 
indicator variables that capture time-invariant differences across physicians in 
their propensity to perform cesarean sections (controlling for patient 
characteristics). We cluster standard errors by physician. 

While this model is used mainly to retrieve patient propensity for cesarean 
sections, the coefficient estimates on individual predictors are also of interest.  
The estimates on the year dummies (not presented in Table 3) indicate an overall 

                                                 
14 We also ran alternate specifications that included physician fixed effects in place of these 
variables as a measure of physician quality. Since the practice style of each physician is collinear 
with that physician’s fixed effect, we were only able to estimate the effect of the physician’s 
practice style on specific patient segments (by including interaction terms of practice style and 
patient characteristics), and not on all patients. The overall results for these patient segments were 
very similar to the ones reported here, and are available from the authors upon request. 
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growth in cesarean sections over time from 1994 to 2003. The coefficients on the 
variables measuring age of the patient (introduced into the model as categories) 
imply that older patients have a greater chance of having a cesarean section, all 
else held equal. Patients aged 40 and above have a 21 percent higher probability 
of undergoing the procedure compared to those under 20 years of age (the omitted 
category). Hispanic patients have a slightly higher propensity (2 percent) for 
cesarean sections when compared to White (and Black) patients.  Patients insured 
with HMOs, PPOs and Medicare (presumably disabled patients) all have higher 
propensities for undergoing cesareans when compared with Medicaid patients (the 
omitted category), although the magnitudes are quite small (<0.5 percent), except 
in the case of Medicare patients (8 percent).  

As expected, the clinical characteristics of the patient are strong predictors 
of the probability of a cesarean section. For example, a patient diagnosed as 
bearing multiple fetuses has a 26 percent higher probability of receiving a 
cesarean section compared to a patient bearing a single fetus. Finally, patients 
originating from high income zip codes have a lower probability of receiving a 
cesarean: a 1-standard deviation increase in per capita income (measured at the 
zip code level) reduces the probability of receiving a cesarean section by 0.7 
percent for patients residing in that zip code. Overall, we are able to generate a 
fairly strong predictive model, with an adjusted R-Squared of almost 0.24. 

As detailed in section 4.2 above, we use the predictions from this model in 
order to construct our measures of physician practice style, Excessim and 
Underprovisionim 
 
5.2 Estimating Patients’ Choice of Physician 
 We estimate patient choice models separately for each of the five counties 
listed above. In all of the models, we find that patients strongly prefer to visit a 
nearby provider. Our main interest is the preferences of patients for physicians 
with aggressive practice styles.  Recall that we compute these preferences by 
looking at the coefficients on Excessim and Underprovisionim.  We also examine 
whether patients with particular characteristics have stronger or weaker 
preferences for aggressive style than do other patients. F  HMOs often limit patient 
choice of physician and may steer patients away from aggressive physicians.  
Income may affect the taste for an aggressive practice style and may also proxy 
for knowledge of practice styles. (Later on, we consider this “knowledge” 
hypothesis in more detail.)    
 Table 4a presents coefficient estimates for the regression model for the 
largest county, Orange.  The coefficients imply a strong distaste for aggressive 
physicians among all patients, as well as the two segments (HMO patients and 
High Income patients) that we examine.  In order to better interpret the 
magnitudes of these coefficients, we use them to compute relative market shares 
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for a median physician (in terms of practice style) and a “representative 
aggressive physician” – one whose practice style is at the 75th percentile in that 
market.   For ease of interpretation, we suppose that the physician with a median 
style has a 5 percent market share.  We present these estimates in Table 4b. An 
aggressive physician has a 4.64 percent market share for all patients, compared to 
5 percent for the median physician.  Losses in the HMO and high income 
segments are also substantial.  Table 4c shows that there also seems to be a 
general dislike for passive physicians (in the 25th percentile of aggressiveness.) 
but the magnitude is much smaller in comparison.  In a later section, we discuss 
the economic implications of these results in more detail. 

Table 5 presents similar market share calculations from the other four 
counties that we study.  While some of the estimates are not statistically 
significant at conventional significance levels, the pattern seems clear. Aggressive 
physicians tend to lose market share especially in the HMO and High-income 
segments that we consider. These results may, however, be subject to bias, which 
we address next.   

 
5.3 Addressing Endogeneity of Practice Style: An Instrumental Variables 
Approach  

The inverse relationship between aggressive style and patient demand that 
characterizes the “punishment” hypothesis is also consistent with the inducement 
hypothesis.  That is, physicians who face low demand may attempt to make up for 
it by performing proportionately more cesarean sections.  Failure to account for 
endogeneity of physician practice style might therefore lead us to overestimate the 
extent to which aggressive physicians end up losing market share.  We use an 
instrumental variables technique to account for this endogeneity.  Specifically, we 
use the practice style of the residency program attended by the physician as an 
instrument for current practice style. To the extent that practice styles are 
developed by physicians early on in their careers (as shown in Dranove, 
Ramanarayanan and Rao (2006)) and are fairly persistent over time, our 
instrument should be a good predictor of current practice style.    

The instrument is valid under the following identification assumptions.  
First, the instrument is assumed to be uncorrelated with the error term in the 
patient choice equation.  In order to assess this assumption, we examine the 
correlation between residency program practice styles and program rank, an 
observable factor that might influence patient choice.  Among ranked programs, 
the correlation between practice style and program rank is 0.05, suggesting that 
program practice styles are probably not proxying for unobservable factors that 
affect physician demand.    

Second, the instrument is assumed to be uncorrelated with physician’s 
marginal supply costs.  In other words, physicians who choose aggressive 
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residency programs do not have high marginal costs and therefore choose to 
restrict the number of patients they see.  In order for this assumption to be 
violated, medical school graduates would have to know both their future 
preference for leisure time and the “style” of their selected residency programs, 
and choose their residency program accordingly.  This has little face validity.  
Even so, we test the idea by correlating the residency program practice style with 
an indicator for whether the physician is female (Many studies document that 
female physicians work fewer hours than male physicians).15  The raw correlation 
is -0.03, i.e. female physicians (who may have a higher value of leisure time) tend 
to attend slightly less aggressive residency programs.  A positive correlation 
would suggest a violation of our second assumption; the evidence here suggests 
that the assumption is valid.  

We construct our instrument from the Nationwide Inpatient Sample (NIS), 
which was developed as part of the Healthcare Cost and Utilization Project 
(HCUP). The NIS is a hospital inpatient database containing discharge data from 
over 1000 hospitals located in 37 states (as of 2005) in the United States. The data 
approximates a 20-percent stratified sample of U.S. community hospitals. Each 
observation contains various patient characteristics (demographic and clinical) as 
well as the identity of the hospital the patient was treated at. We use data from the 
years 1994-2003. 

We restrict attention to maternity patients and run patient-level regressions 
(similar to those described in the first part of Section 4) with a cesarean indicator 
as the dependent variable. We match residency programs of physicians to 
hospitals in the NIS database by name and found a match for residency programs 
for 61 of the 89 physicians who deliver at least 50 babies in Orange County in 
2000. We define our instrument to be the average practice style of the hospital 
across all years in the NIS data.  As an alternative, we also used the style of the 
hospital in the year closest to the year in which the physician graduated from the 
program, obtaining similar results.  Practice styles of hospitals are found to be 
strongly persistent over time with a correlation of over .90 between practice style 
in 1994 and 2003.  This suggests that our instrument is likely to be relevant even 
for physicians who graduated one or more decades before our sample begins. 

As before, we estimate a two-stage conditional logit model in the year 
2000 for patients who choose physicians based on physician practice styles in 
1999.  Several previous studies have described methods of dealing with 
endogenous regressors in nonlinear models (Rivers & Vuong (1988), Newey 
(1987), Terza et al. (2008)).  Our method follows that of Rivers & Vuong (1988) 
                                                 
15 For example, see Kelly, R. and  Pereles, S. 1995, “Gender Influences on Earnings of 
Obstetrician-Gynecologists,” Obstetrics and Gynecology, 86(1): 112-8 and Murray, A. et al., 
2000, “Physician Workload and Patient-based Assessments of Primary Care Performance.”  
Archives of Family Medicine, 9:327-32.   
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and Terza et al. (2008).  Rivers & Vuong refer to this method as two-stage 
conditional maximum likelihood.  In this model, the endogenous regressor is 
modeled as a function of the instrument and other exogenous variables in the first 
stage.  The second stage is then estimated by adding the residuals from the first 
stage to the list of regressors.  Because our model includes interactions between 
the endogenous regressor and two of the exogenous variables, we include 
interactions between the residual and these two variables.  The first-stage 
regression is estimated on all physicians in Florida in the year 1999.  For the 
choice model in the second stage, we restrict ourselves to physicians and patients 
in Orange and the other four counties described earlier.16 

In the first-stage, we regress each physician’s practice style on our 
instrument, along with all of the physician-level characteristics included in the 
second stage and a vector of hospital fixed effects. Table 6a presents results from 
the first stage. The adjusted R-squared statistic for this regression is 0.22, and the 
coefficient on the instrument is positive (1.397) and strongly significant (p<.01).17 
The F-statistic for the instrument is 8.75.  Staiger & Stock (1997) note that when 
the first-stage F-statistic is less than 10, conventional significance tests may not 
be valid.  We therefore use one of their recommended alternatives, the Bonferroni 
confidence region, to test the coefficients of interest. All tables with IV results list 
test statistics with the Bonferroni adjustment.   

The residuals from this first-stage regression are then included as 
predictors in the second stage, which is estimated as a conditional logit model 
(similar to the one outlined in Section 4).  NIS data is not available for all 
residency programs in our sample, so the total number of observations drops to 
556,013.  For the sake of comparison, we re-estimate the original endogenous 
model on this smaller sample and present these results in Column 1 of Table 6b. 
The coefficients on Excessim and Underprovisionim are still negative and similar in 
magnitude to the coefficients obtained from using the entire sample (Table 3a).  
The effects of having an aggressive (and passive) practice style on both HMO and 
High Income patient segments are also similar in magnitude.   

Column 2 presents results from the specification where we instrument for 
physician practice style using the practice style of the physician’s residency 
program.  The coefficients on the residual terms from the first stage are 
statistically significant, confirming the presence of endogeneity in the main 
                                                 
16 More formally, this method takes advantage of the fact that the joint likelihood h(y,Y|X) of the 
dependent variable y and endogenous variable(s) Y can be factored into f(y|Y,X)*g(Y|X).  The 
likelihood can then be estimated using the two-stage procedure described above. 
17 In an alternate first-stage specification, we weighted each observation by the number of years 
since that physician graduated from residency. We did this to incorporate the possibility that more 
recent graduates might have a stronger imprint of the residency program on their own practice 
styles. The estimates from this specification did not differ significantly from what has been 
reported in Table 5. 
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predictors.  As before, we compute market shares for a representative aggressive 
(and passive) physician and present them in Table 7. We still find that an 
aggressive style is associated with a lower overall market share and a lower share 
among HMO patients. Specifically, an aggressive physician has a market share of 
4.57 percent among all patients and 4.47 percent among HMO patients, compared 
to 5 percent for the median physician.  An aggressive style is no longer associated 
with a lower share among high income patients.  A less aggressive style remains 
associated with a slightly lower market share among high-income patients and 
patients in HMOs, but is associated with a higher market share on average. In 
order to better represent economic trade-offs relevant to physicians, we also 
computed the impact of adopting an aggressive practice style on market shares for 
physicians in the form of elasticities; specifically, we estimated the decrease in 
demand faced by the median physician as a result of increasing her proportion of 
cesarean deliveries by 10%. Based on the estimates in Table 6b, this increase 
would result in a drop in share of 1.2% overall with a decrease of 1.8% and .02% 
in the HMO and High Income segments, respectively.18  

 In sum, the results from our instrumental variables approach provide 
additional support for the hypothesis that patients tend to avoid providers who 
overprescribe cesarean sections. Nevertheless, the low value for the F-statistic in 
the first stage regression implies that the IV results presented in this section are to 
be interpreted as being suggestive rather than conclusive. We therefore 
supplement the IV analysis with some secondary analyses that rule out some 
alternative hypotheses and present details of these in the following section. 

 
6. Extensions and Robustness Checks 

The results presented in the previous section provide evidence that the 
market disciplines aggressive physicians. In order for this mechanism to work, a 
key requirement that needs to be satisfied is that consumers are informed about 
the practice patterns of physicians in their choice set. As mentioned before, this 
information is publicly available but the extent to which patients may be able to 
access it may vary across regions owing to differences in patient demographics.  

Using data from the 2000 Census, we construct two proxies (both 
constructed at the level of the zip code the patient resides in) for the extent to 
which women may be informed: the number of children (aged 6 and under) per 
capita in the residence zip code, and the number of female college graduates per 
capita in the zip code. The former measure indicates the availability of 
information while the latter reflects the ability to obtain and process the 
information.  We interact these variables with our measures of physician style and 
include them as predictors in the second stage.  

                                                 
18 We thank an anonymous referee for this suggestion. 

15



We present results from the IV estimates of these specifications in Table 
8. We do not report the full set of results.  Instead, we focus only on the main 
style variables (Excessim and Underprovisionim) and their interactions with the 
variables constructed above. All specifications include interactions between the 
style variables and indicators for whether the patient is insured by an HMO or 
resides in a high-income zip code; the coefficients on the latter interactions are 
similar to those reported in Tables 4 and 6.  

The results indicate that patients who reside in zip codes that have more 
college graduates per capita have a significantly stronger distaste for aggressive 
providers than those who live in zip codes with fewer graduates per capita. This is 
consistent with the idea that knowledge of alternatives affects the ability of 
patients to discipline aggressive physicians.  The interaction of children per capita 
and Underprovisionim is negative and significant, suggesting that better informed 
patients have lower demand for physicians who depart from norms in either 
direction.  And while the negative coefficient on the interaction between Excessim 
and children per capita is not precisely estimated, the sum of the interactions of 
Excessim and Underprovisionim with children per capita is negative and strongly 
significant, again suggesting that knowledge facilitates market discipline.   

We now attempt to rule out some alternate hypotheses that could explain 
our results. One might argue that physicians who perform a lot of cesareans have 
less time to see other patients.  Cesareans usually require less time than vaginal 
deliveries and are often easier to schedule, suggesting that aggressive physicians 
should have more time available to see other patients.  Another possible 
hypothesis (the “capacity constraint” hypothesis) is that physicians performing 
more cesareans also concentrate on more “difficult” cases, giving them less time 
to increase their overall patient load.  We check for this possibility by estimating 
the correlation between the proportion of “difficult” deliveries undertaken by a 
physician and that physician’s practice style, where we use the DRG code for 
each patient to identify deliveries “with complications” and classify these as 
difficult deliveries. The estimated correlation coefficient (-.014) is negative and 
small in magnitude, suggesting that aggressive physicians do not treat 
disproportionately many hard-to-treat cases. A second possibility (the “defensive 
medicine” hypothesis) is that physicians who are sued for medical malpractice 
perform more cesareans as a defensive response and also have fewer patients 
because of a loss in reputation from the lawsuit.  Our instrumental variables 
strategy rules this out, provided that physicians who attend aggressive residency 
programs are not subject to more than an average number of lawsuits.   There are 
two other reasons to reject the defensive medicine hypothesis.  First, research by 
Dranove and Watanabe (2008) suggests that physicians do perform more 
cesareans in the wake of a lawsuit but that this increase is very small and 
transitory.  Second, Fourier and McGinnis (2001) show that physicians do not 
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lose any HMO patients in the wake of a lawsuit which is at odds with our finding 
that aggressive physicians tend to have much lower market shares among HMO 
patients.    

We also test the robustness of our estimates through various specification 
checks and sample restrictions. We start by using a weaker threshold for “high 
volume” surgeons; specifically, we include in our sample all physicians who 
perform at least 20 deliveries in 2000 (as opposed to the threshold of 50 used 
earlier).  In Orange County, this increases the number of physicians in our sample 
from 89 to 104. The results are very similar to those reported in the text.19 

Finally, we re-estimate the second stage for the final year in our dataset – 
i.e. we estimate conditional choice models for patients choosing providers in 2003 
based on 2002 practice styles. The mechanism through which patients obtain 
information on provider styles should, if anything, get stronger with the passage 
of time owing to increased availability of information online. Our estimates 
provide support for this hypothesis; the coefficient on Excessim is negative and in 
all specification it is larger in magnitude that what we report herein.  
 
 
7. The Financial Implications of Having an Aggressive Practice 
Style 

To get a sense of the economic magnitude of our results, we contrast the 
earnings of a representative aggressive physician and a median physician, where 
the median physician is assumed to have a 5 percent market share.  In Orange 
County, an aggressive physician would have a 4.6 percent market share.  Relative 
fees for cesarean and vaginal deliveries vary.  Gruber and Owings (1996) reported 
30 percent higher “all inclusive” fee for cesarean section delivery (where the fee 
includes all associated prenatal and routine follow-up care.)  Some Medicaid 
programs pay the same for both modes of delivery.20  For this example, we 
suppose that the fee for cesareans is 15 percent higher.  Thus, if the going fee for 
a vaginal delivery is $2000, the fee for cesarean section would be $2300.   

The aggressive physician may lose some patients, but has a higher average 
price per patient.  Is the tradeoff worth it?  Let us continue to contrast the median 
physician and the representative aggressive physician.   Suppose the median 
physician in Orange County has 200 patients, of whom 52 undergo a cesarean.  
This physician would receive gross revenues of $415,600.  A representative 
aggressive physician in Orange County has a practice style 6 percentage points 
higher than the median physician.  This aggressive physician would have 186 

                                                 
19 The complete set of results is available from the authors upon request 
20 For example, see http://www.health.state.ny.us/nysdoh/perinatal/en/procedure_codes.htm; 
searched 9/30/2010. 
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patients, of whom 60 are cesareans, for a total income of $390,000.  In other 
words, the aggressive physician has a lower income (of about 6 percent), but also 
works fewer and more predictable hours.  Table 9 presents this finding as well as 
similar calculations for the remaining counties. 

Obstetricians derive the lion’s share of their revenues from deliveries but 
they do perform other procedures such as hysterectomies.  We find that practice 
style is unrelated to the number of hysterectomies performed suggesting that our 
income analysis is unaffected by the obstetrician’s potential to perform alternative 
procedures. 

These income calculations have an important implication.  One possible 
explanation for a lower market share among more aggressive physicians is that 
these physicians choose to see fewer patients due to the higher margin on each 
case and the resulting income effect on labor supply.  If this were the case, one 
would expect that these physicians would be earning at least as much as less 
aggressive physicians.  Our calculations show that they tend to earn less, and 
therefore should be seeking to treat more patients, not fewer.   

 
8.  Concluding Remarks 

Theoretical models of credence goods markets suggest an important role 
for consumer credulity.  If consumers are not skeptical of their expert provider’s 
opinions, or fail to act on that skepticism, then experts can recommend costly and 
unnecessary services without any repercussions.  Our empirical analysis suggests 
that consumers do discipline aggressive sellers of an economically important 
credence good, deliveries.  Using the practice style of the hospital where 
physicians performed their residency as an instrument for the physicians’ own 
style, we find that aggressive physicians – those who perform more cesarean 
sections than would be expected given their patients’ demographic and medical 
characteristics – have fewer obstetrics patients overall, ceteris paribus.  Using 
current fee schedules, we find that aggressive physicians have slightly lower 
overall incomes, but also work fewer and more predictable hours.  Our findings 
are consistent with those in a handful of other empirical studies, including 
Hubbard (2002), List (2006) and Schneider (2008) that document various ways in 
which consumers discipline sellers. 

Our results also speak to an age-old problem in health economics.  It is 
nearly 50 years since Milton Roemer (1961) suggested that physicians had the 
ability to create their own demand, and 30 years since Victor Fuchs’ (1978) 
seminal study documenting the extent of demand inducement.  Although many 
economists have criticized the statistical methods in these and other inducement 
studies, few if any economists have objected to the claim that physicians have 
both the financial incentive and the opportunity to adopt an aggressive practice 
style.  What has been at issue is whether there is any mechanism that limits 
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inducement.  We find that the market provides this mechanism.   Moreover, we 
find that the market mechanism is strongest in those areas where patients are 
likely to be best informed about their options.  Finally, we find evidence of 
market segmentation, suggesting that physicians may find it profitable to choose a 
practice style niche that may appeal to subsets of patients.   
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Table 1. Summary Statistics for Style, 1999

Mean Std Dev No. of Obs.

State of Florida -0.018 0.169 1029

Statistics by County
Brevard -0.060 0.136 30
Escambia -0.101 0.176 23
Lee 0.087 0.160 26
Leon -0.010 0.141 17
Orange -0.079 0.125 93

Note:  Statistics are calculated using a physician-level dataset that includes all 
physicians in the county (or state) who deliver at least 50 babies annually. Style 
is computed as the difference between the actual proportion of cesareans 
performed by the physician, and the proportion she is predicted to perform 
based on patient characteristics.
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# of obs = 162,230
State of Florida

Table 2. Summary Statistics for  Patient Variables (2000)

Alachua County Brevard County Escambia County Lee County Leon Coun Orange Countyty
# of obs = 4,704 # of obs = 3928 # of obs = 3,442 # of obs = 3,401 # of obs = 4, # of obs = 14,690086

Mean Std Dev Mean Std Dev Mean Std Dev Mean Std Dev Mean Std Dev Mean Std Dev Mean Std Dev

Cesarean Indicator 0.27 0.44 0.25 0.43 0.25 0.43 0.37 0.48 0.24 0.43 0.26 0.44 0.29 0.47

Age 25.73 6.11 27.37 6.41 26.11 6.15 27.71 6.21 26.13 6.12 27.4 6.28 27.11 6.32

Insurance Status

HMO 0.21 0.41 0.32 0.47 0.23 0.42 0.29 0.45 0.52 0.50 0.38 0.49 0.34 0.47

PPO 0.30 0.46 0.26 0.44 0.25 0.43 0.29 0.45 0.01 0.10 0.21 0.40 0.19 0.39

Medicaid 0.41 0.49 0.26 0.44 0.43 0.50 0.23 0.42 0.27 0.45 0.28 0.44 0.29 0.44

Medicare 0.00 0.05 0.00 0.05 0.00 0.06 0.00 0.05 0.00 0.05 0.01 0.03 0.00 0.05

Other Insurance 0.08 0.27 0.15 0.36 0.09 0.28 0.19 0.39 0.20 0.40 0.12 0.24 0.17 0.35

Race/Ethnicity

White 0.69 0.46 0.74 0.44 0.64 0.48 0.70 0.46 0.55 0.50 0.52 0.50 0.53 0.49

Black 0.23 0.42 0.13 0.33 0.26 0.44 0.09 0.28 0.37 0.48 0.22 0.41 0.21 0.41

Hispanic 0.04 0.19 0.05 0.21 0.01 0.10 0.15 0.36 0.04 0.19 0.19 0.39 0.19 0.39

Other Race 0.04 0.20 0.08 0.27 0.09 0.28 0.06 0.24 0.04 0.19 0.07 0.25 0.07 0.25

Zip-code level Income ($) 31769.31 8956.66 40293.58 8930.14 36480.34 7483.27 39744.01 10897.72 37556.66 15242.83 43041.92 11562.07 39537.33 11732.50

Clinical Indicators

Prior Cesarean 0.12 0.32 0.13 0.33 0.11 0.31 0.16 0.36 0.10 0.31 0.120 0.324 0.12 0.33

Multiple Births 0.01 0.11 0.01 0.09 0.01 0.11 0.02 0.13 0.01 0.11 0.012 0.110 0.01 0.11

Hypertension 0.02 0.12 0.01 0.11 0.02 0.13 0.03 0.16 0.01 0.10 0.014 0.120 0.01 0.11

Diabetes 0.01 0.10 0.01 0.08 0.01 0.11 0.01 0.08 0.01 0.09 0.008 0.089 0.01 0.09

Malpositioned Fetus 0.01 0.10 0.01 0.12 0.00 0.06 0.01 0.08 0.01 0.10 0.015 0.123 0.01 0.11

Prolonged Pregnancy 0.00 0.02 0.00 0.02 0.00 0.00 0.00 0.02 0.00 0.03 0.001 0.022 0.00 0.02

Fetopelvic Disproportion 0.02 0.13 0.01 0.12 0.01 0.10 0.03 0.17 0.03 0.18 0.010 0.101 0.02 0.14

Hemorrhage 0.02 0.12 0.01 0.11 0.03 0.16 0.02 0.14 0.02 0.12 0.017 0.128 0.02 0.12

Polyhydramnios 0.00 0.06 0.00 0.07 0.01 0.08 0.01 0.10 0.01 0.07 0.008 0.088 0.01 0.07

Oligohydramnios 0.02 0.13 0.01 0.12 0.03 0.16 0.01 0.12 0.01 0.12 0.037 0.189 0.02 0.15
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Di es 0 208***

Table 3: Estimating Patient Preferences (Linear Probability Estimates)
Dependent Variable: Did the Patient Undergo a Cesarean Section?

Age: 20-30 0.056***
(.001)

Age: 30-40 0.140***
(.001)

Age >= 40 .210***
(.002)

Black -0.002***
(.001)

Hispanic 0.018***
(.001)

HMO 0.003**
(.001)

PPO 0.006***
(.001)

Medicare 0.075***
(.007)

Multiple gestation 0.261***
(.003)

Malposition 0.557***
(.003)

Hypertension 0.046***
(.003)

Polyhdramnios 0.159***
(.005)

Oligohydramnios 0.111***
(.002)

Hemorrhage 0.321***
(.003)

Prolonged pregnancy 0.077***
(.015)

Diabetesabet 0 208***.
(.004)

Fetopelvic disproportion 0.596***
(.002)

Fetal distress 0.231***
(.002)

Trauma to perineum and vulva -0.341***
(.001)

Zip-code Income (unit: $1000) -5.1E-04***
(5.04E-05)

R-Squared 0.239

Number of Observations 1469816
* signifies p<.10, ** signifies p<.05, *** signifies p<.01

Note:  Estimates are obtained off patient level regressions where the sample includes all 
patients treated on weekdays in the state of Florida between 1994 and 2003. Specification 
includes Year and Physician fixed  effects. Standard errors are clustered by physician and 
reported in parentheses.
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Table 4a. Conditional Logit Model of Patient Choice of Physician

(Sample: Deliveries in Orange County, 2000)

Excess Style -1.29***
(.123)

Excess * High Income 0.262
(.190)

Excess * HMO -0.161
(.176)

Underprovision (Style) -0.099***
(.019)

Underprovision * High Income 0.093***
(.029)

Underprovision *HMO 0.013
(.027)

Travel Time -0.17***
(.010)

Patient Income * Travel Time 0.001
(1.9E-04)

Patient Age * Travel Time 0.002***
(3.0E-04)

HMO * Travel Time 0.024***
(.004)

Rank of Residency Programy g -0.0045***
(8.7E-04)

Foreign Residency Program 0.059**
(.027)

Male Physician 0.13***
(.026)

Number of Years since graduation -.018***
(.004)

Number of years since graduation - squared .001***
(1.2E-04)

Number of Observations 1000695

* signifies p<.10, ** signifies p<.05, *** signifies p<.01

Note: The estimation sample includes all possible combinations of physicians and maternity 
patients in Orange County in the year 2000. The choice set of physicians is restricted to those who 
perform at least 50 deliveries in Orange County in 2000. Excess and Underprovision are both 
measures of physician practice style in 1999, and capture the positive and negative parts, 
respectively. Travel Time is computed from patient zipcode to  zipcode of the primary hospital the 
physician operates in.  The specification also includes  fixed effects for the hospital the patient 
was treated in. Standard errors reported in parentheses.
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Table 4b. Market Share of Aggressive Physician - Orange County
Sample: Deliveries in Orange County, 2000

All Patients HMO Patients High Income Patients

Orange County 4.64 4.6 4.72
(.001) (.001) (.001)

Note:  An aggressive physician is defined as one who is at the 75th percentile of the distribution ofphysicians in 
the same county, in terms of practice style. Market share is calculated relative to physician with median 
practice style who is assumed to have a share of 5%. P-values reported in parentheses.

Table 4c. Market Share of Passive Physician - Orange County
Sample: Deliveries in Orange County, 2000

All P ti t at ents HMO P ti t at ents Hi h I P ti tg  ncome at ents

Orange County 4.97 4.98 4.98

(.001) (.001) (.795)

Note:  A passive physician is defined as one who is at the 25th percentile of the distribution of physicians in the 
same county, in terms of practice style. Market share is calculated relative to physician with median practice 
style who is assumed to have a share of 5%. P-values reported in parentheses.
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Table 5: Market Share of Aggressive Physician - Other Counties

All Patients HMO Patients High Income Patients

Brevard 4.86 5.30 4.98
(.075) (.01) (.84)

Escambia 4.94 4.37 4.87
(.28) (.13) (.13)

Lee 4.57 4.43 4.51
(.001) (.09) (.18)

Leon 4.81 4.75 4.78
(.001) (.13) (.08)

Note:  An aggressive physician is defined as one who is at the 75th percentile of the distribution ofphysicians in the same county, i
terms of practice style. Market share is calculated relative to physician with median practice style who is assumed to have a share of 
5%. P-values reported in parentheses.
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Table 6a. Effect of Residency Training on Physician Practice Style

Dependent Variable: Physician Practice Style

Style of Physician's 
Residency Hospital 1.397**

(.499)

Physician characteristics Y
Hospital FE Y

Number of Observations 619
Adj. R-Squared 0.22

* signifies p<.10, ** signifies p<.05, *** signifies p<.01

Note: The first stage regression is run on a physician-level dataset that includes all Ob/Gyn
physicians who deliver at least 50 babies in 1999 in the state of Florida. 

29



HMO Travel .017 .014

Table 6b. Instrumenting for Physician Practice Style in a Conditional Choice Model

Sample: Orange County patients, 2000

No IV
IV = Residency Program 

Style

Excess Style -1.14*** -1.58***
(0.132) (0.151)

Excess * High Income 0.268 1.47***
(0.200) (0.250)

Excess * HMO -0.364 -0.374*
(0.187) (0.218)

Underprovision (Style) -0.137*** 0.254***
(0.023) (0.079)

Underprovision * High Income 0.046 -0.563***
(0.033) (0.100)

Underprovision *HMO -0.029 -0.545***
(0.031) (0.086)

Travel Time -0.172*** -0.165***
(0.013) (0.014)

Patient Income * Travel Time 0.0004* 0.0003
(0.0002) (0.0002)

Patient Age * Travel Time 0.002*** 0.002***
(0.0004) (0.0004)

HMO * Travel Time   Time .017*** .014***
(0.005) (0.005)

Residual Terms from First Stage No Yes

Hospital FE Yes Yes

Physician Characteristics Yes Yes

Number of Observations 556196 556196

* signifies p<.10, ** signifies p<.05, *** signifies p<.01

Note: The sample consists of all maternity patients in Orange County in 2000, but excludes patients with 
physicians for whom we do not have data on which residency program they attended, or whose programs are 
not present in the HCUP NIS database. The residual from the first stage, and its interactions with patient 
characteristics is included in the IV specification in column 2 as predictors. IV Statistics report Bonferroni-
adjusted significance levels.
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Table 7a. Market Share of Aggressive Physician in Orange County - IV Estimates

All Patients HMO Patients High Income Patients

Orange County 4.57 4.47 4.97
(.001) (.001) (.645)

Note:  An aggressive physician is defined as one who is at the 75th percentile of the distribution of
physicians in the same county, in terms of practice style. Market share is calculated relative
to physician with median practice style who is assumed to have a share of 5%. P-values reported
in parentheses.

Table 7b. Market Share of Passive Physician in Orange County - IV Estimates

All Patients HMO Patients High Income Patients

Orange County 5.07 4.92 4.91

(.001) (.001) (.004)

Note:  A passive physician is defined as one who is at the 25th percentile of the distribution of physicians
in the same county, in terms of practice style. Market share is calculated relative to physician
with median practice style who is assumed to have a share of 5%. P-values reported in parentheses.
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Table 8. Does Knowledge Moderate Ability of Patients to Discipline Providers?
Sample: Orange County maternity patients, 2000

IV = Residency Program Style

Excess Style -1.464*** -1.557***
(.153) (.159)

Excess * Patient zipcode has high proportion
College Graduates

 of 
-0.884***

(.249)
Excess * Patient zipcode has high number of 

children per capita -0.102

(.212)

Underprovision (Style) 0.247*** 0.274***
(.079) (.079)

Underprovision * Patient zipcode has high
proportion of College Graduates

 
0.086*

(.044)
Underprovision * Patient zipcode has high 

number of children per capita -0.124***

(.039)

Residual Terms from First Stage Yes Yes

Hospital FE Yes Yes

Physician Characteristics Yes Yes

Number of Observations 556013 556013

* signifies p<.10, ** signifies p<.05, *** signifies p<.01

Note: All specifications include interaction terms of Excess and Underprovision with indicators for whether the patient is 
insured by an HMO or resides in a high income zipcode. Bonferroni-adjusted significance levels are reported.
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Table 9: Estimated Change in Income for Representative Aggressive Physician

Number of Deliveries Num
Ces

ber of 
areans Total Income ($) Change in Income 

(%)

Median physician 200 52 415600

Representative Aggressive Physician

Orange County 186 60 390000 -6.16

Brevard County 194 72 409600 -1.44

Escambia County 198 73 417900 0.55

Lee County 183 63 384900 -7.39

Leon County 192 56 400800 -3.56

N t C l l ti b d f ll i ti 1) M di h i i h k t h f 5% 2) R i b t f V iNote:  Calculations based on following assumptions: 1) Median physician has market share of 5% 2) Reimbursement for Vaginal delivery 
3) Reimbursement for Cesarean sections is $2300. Market shares for representative aggressive physician in different counties is
Table 4.
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